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Abstract  This  paper  illustrates  what  psychologists  can  do  and  learn  from  the  use  of  intelli-
gent agent-based  simulations,  in  combination  with  experimental  designs,  in  order  to  model  the
behavioral interaction  of  motorists  and  motorcyclists  in  urban  trafﬁc,  when  motorcyclists  ride  in
between the  lanes  of  slow-moving  or  stopped  vehicles.  The  results  of  the  computer  model  were
validated  through  a  measure  that  estimates  its  agreement  with  the  results  of  real-life  trafﬁc
videos analyses.  Lastly,  this  paper  discusses  the  implications  of  adopting  intelligent  agent-based
simulations  in  experimental  psychology.
© 2016  Fundacio´n  Universitaria  Konrad  Lorenz.  Published  by  Elsevier  Espan˜a,  S.L.U.  This  is  an
open access  article  under  the  CC  BY-NC-ND  license  (http://creativecommons.org/licenses/by-
nc-nd/4.0/).
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La  interacción  conductal  de  conductores  en  el  tránsito:  un  ejemplo  sobre  el
potencial  de  las  simulaciones  basadas  en  agentes  inteligentes  para  la  psicología
Resumen  Con  un  ejemplo  se  ilustra  lo  que  los  psicólogos  pueden  hacer  y  aprender  al  usar
las simulaciones  basadas  en  agentes  inteligentes  combinadas  con  disen˜os  experimentales  para
modelar la  interacción  conductual  de  automovilistas  y  motociclistas  en  el  tráﬁco  urbano,  cuando
estos circulan  entre  los  carriles  de  vehículos  detenidos  o  circulando  a  baja  velocidad.  Los  resul-
tados del  modelo  computacional  se  validaron  con  una  medida  que  estima  su  concordancia  con
los resultados  obtenidos  en  análisis  de  videos  de  tráﬁco  real.  El  artículo  ﬁnaliza  discutiendo  las
implicaciones  que  tiene  para  la  psicología  experimental  la  adopción  de  las  simulaciones  basadas
en agentes  inteligentes.
© 2016  Fundacio´n  Universitaria  Konrad  Lorenz.  Publicado  por  Elsevier  Espan˜a,  S.L.U.  Este  es  un
art´ıculo Open  Access  bajo  la  licencia  CC  BY-NC-ND  (http://creativecommons.org/licenses/by-
nc-nd/4.0/).
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0120-0534/© 2016 Fundacio´n Universitaria Konrad Lorenz. Published by 
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Intelligent  agents  are  well-known  in  computer  sciences
nd  artiﬁcial  intelligence  several  decades  ago  (Wooldridge  &
ennings,  1995)  but  their  methodological  relevance  in  social
ciences  is  more  recent  (Axelrod,  1997;  Troitzsch,  2009)  and
ot  so  well-known  to  psychologists  (Smith  &  Conrey,  2007).
ntelligent  agents  are  non-living  objects  that  are  conceived
o  resemble  living  organisms  that  interact  among  each  other
n  certain  types  of  environments.  According  to  Wooldridge
nd  Jennings  (1995)  the  term  agent  has  both  a  weak  and  a
trong  notion.
Roughly  speaking,  the  weak  notion  of  an  intelligent  agent
eﬁnes  them  as  a  hardware  or  software-based  computer
ystem  with  the  following  properties:  (a)  autonomy  (they
ehave  without  the  direct  intervention  of  humans,  and
ave  some  degree  of  control  over  their  actions  and  internal
tate);  (b)  social  ability  (they  interact  with  other  agents  and
umans  by  employing  some  kind  of  agent  communication
anguage);  (c)  reactivity  (they  perceive  the  environment
hat  surrounds  them,  it  may  be  the  natural,  physical  world
r  a  virtual  environment  represented  in  a  graphical  user
nterface)  and  (d)  pro-activeness  (they  are  able  to  show
oal-oriented  behaviors  by  taking  the  initiative).  An  agent
s  a  sort  of  UNIX-like  software  process  with  the  aforemen-
ioned  characteristics.  Concrete  cases  of  this  notion  can  be
ound,  for  example,  in  modeling  human  driving  behavior  in
rafﬁc  (Bazzan  &  Klügl,  2013;  Kesting,  Treiber,  &  Helbing,
009).
The  strong  notion  of  an  intelligent  agent  deﬁnes  them  as
omputer  systems  that,  in  addition  to  having  the  properties
f  the  weak  notion,  are  either  conceptualized  or  imple-
ented  using  concepts  that  are  more  usually  applied  to
umans  (Wooldridge  &  Jennings,  1995).  In  artiﬁcial  intel-
igence,  for  instance,  agents  can  be  characterized  using
entalistic  or  emotional  notions  such  as  knowledge,  belief,
ntentions  and/or  obligations.  Concrete  cases  of  these
otions  can  be  found  in  studies  about  the  evolution  of  shame
s  an  adaptation  to  social  punishment  in  artiﬁcial  societies
see  for  example,  Jaffe,  2008).  Intelligent  agents,  there-
ore,  can  be  seen  as  a  powerful  research  tool  for  studying
hysical,  biological  or  social  complex  systems  exhibiting  the
ollowing  two  basic  properties:  (a)  the  system  is  composed
f  interacting  agents  which  are  seen  as  the  ‘‘microscopic’’
lements  of  it  and  (b)  the  system  exhibits  emergent  prop-
rties,  arising  from  the  interactions  of  agents  that  cannot
e  deduced  simply  by  aggregating  the  properties  of  them  to
reate  a  macroscopic  level  of  the  system.  In  other  words,
gent-based  simulations  represent  a  powerful  methodologi-
al  tool  for  psychologists  who  understand  human  or  animal
ehavior  from  the  point  of  view  of  social  complex  systems;
 new  ﬁeld  of  science  studying  how  parts  of  a  social  system
ive  rise  to  the  collective  behavior  of  the  system  and  how
he  system  interacts  with  its  environment  and  evolves  over
ime  (Wilensky  &  Rand,  2015).
Compared  with  other  research  tools  in  psychology,  agent-
ased  simulations  have  a  broader  scope.  It  allows  the
tudy  of  the  individual  behavior  of  agents  not  only  in  one
oment  (when  comparing  different  groups  of  agents  in  just
ne  period  of  observation)  but  also  in  their  changes  over
ime  (by  tracking  their  differences  in  several  periods  of
bservation).  Thus,  agent-based  simulations  allow  the  inte-
ration  of  different  research  designs  in  a  single  and  coherent
ffort.  Existent  reviews  on  the  use  of  intelligent  agents  in
p
m
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Wigure  1  A  picture  that  shows  the  practice  of  motorcycle
ane-sharing.
sychology  (see  for  example  Smith  &  Conrey,  2007)  showed
ts  potential  by  mentioning  some  examples  of  social  simula-
ions  mainly  developed  by  non-psychologists.  Here  I  proceed
ifferently.  In  the  rest  of  this  paper  I  show  an  example  that
llustrates,  with  some  technical  details,  the  use  of  intelli-
ent  agents  as  a  research  tool  in  trafﬁc  psychology.
he effects of motorcycle lane-sharing
n motorists’ behavior
n  a recent  work,  Correa  (2015)  developed  an  agent-based
odel  of  the  behavioral  interaction  of  motorists  and  motor-
yclists  in  urban  trafﬁc,  when  motorcyclists  ride  in  between
he  lanes  of  stopped  or  slow-moving  vehicles  as  depicted  in
ig.  1.
The  social  relevance  of  this  phenomenon  is  widely  recog-
ized  in  Venezuela,  where  the  rising  sales  of  motorcycles
as  proliferated  this  practice  of  mobilization  due  to  its
eneﬁts  for  commuting  in  congested  trafﬁc  despite  their
afety  implications  (see  Fig.  2).  In  the  literature  it  has
een  reported  that  motorcycle  lane-sharing  has  psycho-
ogical  implications  for  road  users,  due  to  the  fact  that
otorists  have  negative  attitudes  toward  motorcyclists  and
ow  they  ﬁlter  through  trafﬁc  (Crundall,  Bibby,  Clarke,
ard,  &  Bartle,  2008).
In  order  to  understand  the  source  of  these  attitudes,
he  work  presented  an  agent-based  experiment  to  answer
he  following  questions:  (a)  Does  the  practice  of  motor-
ycle  lane-sharing  impose  a  restriction  for  motorists  to
erform  lane-changing  maneuvers  on  the  road?  (b)  Do  the
otorists  need  to  accelerate  and  decelerate  more  often
hen  sharing  the  lane  with  motorcyclists  on  the  road?  (c)
hat  is  the  effect  of  motorcycle  lane-sharing  on  the  average
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ars  in  Venezuela  (January  2010--December  2014).
Table  1  State  variables  of  motorists  and  motorcyclists.
Name  Type  of  variable  and
default  values
Description
D  Numeric
(Direction  =  180)
Stands  for  ‘‘Direction’’.
From  the  east  to  the  west.
IS Numeric
(5,  6,  7,  8,  9)
Stands  for  ‘‘Instantaneous
speed’’  in  meters
by  seconds.
PS List  of  numbers
(5,  6,  7,  8,  9)
Stands  for  ‘‘Preferred
speed’’  also  in  meters
by  seconds.
CL Numeric
(1  or  2)
Identiﬁes  the  lane  in  which
the  vehicle  is  circulating  at
an  instantaneous  moment.
P Position
(Cartesian
coordinates)
Indicates  the  instantaneous
position  of  a  driver  inside
the road.
IFV List  of  entities  Enumerates  in  no  speciﬁc
order  the  list  of  in-front
vehicles  inside  a  radius  of
25 m  from  the  instantaneous
position  of  a  vehicle.
FV List  of  entities  Enumerates  in  no  speciﬁc
order  the  list  of  following
vehicles  inside  a  radius  of
25 m  from  the  instantaneous
position  of  a  vehicle.
VAL List  of  entities  Set  that  enumerates  in  no
speciﬁc  order  the  list  of
vehicles  that  are  seen  from
the  left  rear  view  mirror.
VAR  List  of  entities  Set  that  enumerates  in  noFigure  2  Monthly  sales  of  motorcycles  and  c
speed  of  motorists?  The  behavior  of  motorists  was  ana-
lyzed  in  terms  of  the  average  speed;  the  frequency  of
accelerations/deceleration  maneuvers  and  the  frequency
of  lane-changing  maneuvers,  because  these  metrics  are
deemed  relevant  from  the  point  of  view  of  trafﬁc  manage-
ment  and  trafﬁc  safety  as  trafﬁc  researchers  have  previously
claimed  (see  for  example,  Kesting,  Treiber,  &  Helbing,  2007).
Procedure
The  model  was  implemented  with  ‘‘SeSAm’’;  a  software  that
has  been  used  for  trafﬁc  simulations  (Klügl  &  Bazzan,  2004)
and  it  was  designed  for  social  scientists  with  little  com-
puter  programming  experience  (http://www.simsesam.de).
The  model  comprised  three  agents:  the  road,  the  motorists
and  the  motorcyclists.  These  agents  interacted  in  a  virtual
environment  represented  as  a  map  with  a  coordinate  sys-
tem  whose  origin  lies  in  the  upper,  left  corner.  The  physical
dimensions  of  this  map  were  40  m  of  height  by  400  m  of
width,  representing  a  double-lane  avenue  with  a  length  of
400  m.  The  width  of  each  lane  was  ﬁxed  to  4  m  (see  Fig.  3).
The  top  lane  of  the  road  was  identiﬁed  with  the  number
one  and  the  bottom  lane  was  identiﬁed  with  the  number
two  for  allowing  the  moving  agents  to  change  lanes  accord-
ing  to  the  rules  described  in  Table  2.  The  time  was  modeled
as  a  discrete  time  step  which  is  interpreted  as  one  second
in  real  life.  The  road  has  two  state  variables:  trafﬁc  type
and  density.  The  ﬁrst  one  allowed  the  distinction  between
trafﬁc  with  motorcyclists  (heterogeneous  trafﬁc)  or  with-
out  them  (homogeneous  trafﬁc)  and  the  latter  identiﬁed
the  maximum  number  of  cars  on  the  road.  Both  motorists
and  motorcyclists  shared  the  same  set  of  state  variables  and
their  description  is  in  Table  1.
The  road  was  modeled  to  allow  the  entrance  of  cars  on
the  right  edge  of  the  way,  inside  a  randomly  selected  lane
and  with  a  random  preferred  speed.  The  difference  between
motorists  and  motorcyclists  was  their  physical  dimension
and  the  driving  behavior.  Cars  were  set  to  4.5  m  length  by
speciﬁc  order  the  list  of
vehicles  that  are  seen  from
the  right  rear  view  mirror.
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Table  2  Behavioral  rules  for  motorists  and  motorcyclists.
Name  of  the
action
Check  IF Then,  do.  .  .  (Else)
Accelerate  IS  <  PS
IFV  =  0
Change  speed  by
1  meter  per
second.
(Otherwise,  If
IS >  PS,  then
change  IS  to  PS)
Decelerate  IFV  ≥  1  Change  speed  by
-4  meters  per
second.
(If  IS  <  0,  then  set
IS  to  0)
Switch  to  the  right
lane
CL  =  2
IFV  ≥  1
VAR  =  0
Adds  45  degrees
to the  value  of  D
Enter to  the  right
target  lane
D  =  225
CL  =  2
Set  D  to  180
and  set  CL  to  1
Switch  to  the  left
lane
CL  =  1
IFV  ≥  1
VAL  =  0
Subtracts  45
degrees  to  the
value  of  D
Enter  to  the  left
lane
D  =  135
CL  =  1
Set  D  to  180  and
set  CL  to  2
Keep speed  None  of  the
previous
rules  are
Move  according  to
IS,  set  P  and  CL,
set  the  list  ofFigure  3  A  screenshot  of  the  map  designe
.7  m  width,  resembling  a  ‘‘standard  compact  vehicle’’  in
he  real  world  and  motorcycles  were  set  to  2  m  length  by  1  m
idth,  resembling  a  ‘‘standard  street  motorbike’’.  Motorists
ere  allowed  to  drive  ‘‘inside  the  lane’’  when  entering  to
he  road.  Motorcycles  were  allowed  to  ride  in  between  lane
 and  2  of  the  road  and  they  could  also  ‘‘switch  lanes’’
ut  never  travel  ‘‘inside’’  them.  Motorists  and  motorcy-
lists  decided  their  instantaneous  behavior  following  the
ules  deﬁned  in  the  format  of  ‘‘if-then-else’’  decisions  that
re  summarized  in  Table  2.
The  model  proceeded  in  seconds  and  the  road  main-
ained  a  constant  vehicular  trafﬁc  ﬂow  by  verifying  the
aximum  number  of  cars  or  motorcycles  that  should  be  cre-
ted  for  allowing  their  controlled  entrance  in  either  lane
t  the  right  edge  of  the  map,  and  eliminating  them  when
eaching  the  left  edge  of  it.  The  simulation  process  iterated
uring  700  seconds  for  each  simulation  run  and  in  the  ﬁrst
00  seconds  no  data  was  gathered  from  SeSAm  to  guaran-
ee  an  invariant  trafﬁc  ﬂow  which  is  a  necessary  condition
equired  to  satisfy  experimental  control.  Thus,  data  collec-
ion  was  done  from  t  =  101  until  t  =  700,  a  total  of  600  seconds
r  10  minutes  in  real-life.
esign and analysis
he  experiment  followed  ‘‘the  completely  randomized  fac-
orial  design’’  (Fisher,  1935)  to  analyze  the  behavioral
nteraction  between  motorists  and  motorcyclists  in  ﬁve  lev-
ls  of  trafﬁc  density  (4,  8,  12,  16  and  20  cars  on  the  road)
nd  two  types  of  trafﬁc  (homogeneous  and  heterogeneous).
oth  motorists  and  motorcyclists  were  modeled  to  drive
ith  different  preferred  speeds  as  described  in  Table  1.  The
met moving  entities
reﬂected  in  all
rear  view  mirrors
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Table  3  Experimental  design  of  the  motorcycle  lane-
sharing study.
Density Trafﬁc  type
Homogeneous  trafﬁc  Heterogeneous  trafﬁc
4  Scenario  1  Scenario  2
8 Scenario  3  Scenario  4
12 Scenario  5 Scenario  6
16 Scenario  7 Scenario  8
•
•
120
Cars in homogeneous traffic
Cars in heterogeneous traffic
Density
Motorcycles in
hetoregeneous traffic
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The  observed  distributions  for  the  motorists’  decel-
erations  proved  to  be  skewed  and  signiﬁcantly  different
from  the  standard  normal  distribution  [Levene’s  test
F(9;90)  =  12.572;  p  =  .000].  The  95.8%  of  the  variance  of
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experimental  setup  was  constituted  by  each  combination  of
density  and  trafﬁc  type,  resulting  in  ten  experimental  situa-
tions.  As  an  additional  control,  the  motorists/motorcyclists
ratio  remained  constant  in  all  experimental  conditions  (one
motorcycle  for  each  pair  of  cars  on  the  road)  (Table  3).
Data  analysis  was  summarized  in  terms  of  minutes  in
a  new  database  containing  the  agents’  performance  in  24
replications  for  each  experimental  situation.  The  sample
size  of  the  experiment  was  100  observations,  corresponding
to  a  total  of  4  hours  of  trafﬁc  in  the  real-life.  A  critical  reader
might  argue  that  this  sample  size  is  not  as  big  as  it  should  for
making  credible  the  experimental  results.  Yet,  in  the  litera-
ture  of  statistical  hypothesis  testing  it  is  well-known  that  the
sample  size  is  a  factor  that  might  increase  the  probability
of  committing  an  error-type  decision  if  conclusions  are  only
based  on  statistical  signiﬁcance  or  p-values  (Cohen,  1994).
Thus,  for  a  more  robust  testing  it  was  included  the  calcula-
tion  of  an  effect  size  index  known  as  omega  squared  (Olejnik
and  Algina,  2000,  2003)  which  indicated  the  proportion  of
variance  of  agents’  performance  that  is  accounted  for  by  the
experimental  variables  (density  and  trafﬁc  type)  and  their
combination.  It  is  worth  to  mention  that  this  is  considered
good  practice  in  agent-based  social  simulations  (Troitzsch,
2014),  since  it  enables  readers  to  evaluate  the  stability  of
results  across  samples,  designs,  and  analyses.
Results of the simulations
The  frequency  of  lane-changing  maneuvers  increased
when  density  increased  for  both  trafﬁc  types.  Yet,  as
Fig.  4  depicts,  motorists  performed  these  maneuvers  more
frequently  in  the  homogeneous  trafﬁc,  suggesting  that
motorcycle  lane-sharing  produce  a  corral  effect  on  motorists
by  limiting  their  freedom  to  make  lateral  movements  on  the
road  which  can  be  the  physical  mechanism  that  explain  the
negative  attitude  they  have  toward  motorcyclists.
The  distributions  for  the  frequency  of  lane-changing
maneuvers  were  clearly  different  according  to  density  and
trafﬁc  type.  For  testing  the  statistical  signiﬁcance  of  these
differences  we  applied  a  non-parametric  version  for  the
analysis  of  variance  (ANOVA)  (Anderson,  2001) which  is
appropriate  when  distributions  do  not  satisfy  the  assump-
tion  of  normality  as  in  this  case  [Levene’s  test  F(9;90)  =  6.51;
p  =  .00].  In  this  experiment,  86.9%  of  the  variance  of
these  maneuvers  was  accounted  for  by  the  trafﬁc  type
(˝2 =  0.312),  the  density  (˝2 =  0.306)  and  the  combination
of  these  factors  (˝2 =  0.251).
F
oigure  4  Frequency  of  lane-changing  maneuvers  as  a  function
f ﬁve  levels  of  density  in  two  trafﬁc  types.
The  frequency  of  motorists’  decelerations  increased  as
 function  of  density  in  both  trafﬁc  types.  However,  they
ecelerated  less  often  in  the  homogeneous  trafﬁc  as  it  can
e  seen  in  Fig.  5.igure  5  Frequency  of  decelerations  maneuvers  as  a  function
f ﬁve  levels  of  density  in  two  trafﬁc  types.
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vigure  6  Frequency  of  acceleration  maneuvers  as  a  function
f ﬁve  levels  of  density  in  two  trafﬁc  types.
hese  distributions  was  mainly  accounted  for  by  the  density
˝2 =  0.880),  the  type  of  trafﬁc  (˝2 =  0.011)  and  their  com-
ination  (˝2 =  0.067).  Similar  results  occur  for  the  frequency
f  motorists’  accelerations.  These  frequencies  increased
hen  density  increased  in  both  trafﬁc  types  but  motorists
ccelerated  more  frequently  in  the  heterogeneous  trafﬁc
see  Fig.  6).
The  distributions  for  the  frequency  of  motorists’  accel-
rations  were  also  different  from  the  normal  distribution
Levene’s  test  F(9;90)  =  6.893;  p  =  .000].  The  98.1%  of  the
ariance  of  these  distributions  was  accounted  for  by  the  den-
ity  (˝2 =  0.939),  being  the  trafﬁc  type  (˝2 =  0.007)  and  its
ombination  with  density  (˝2 =  0.036)  less  important  factors
ssociated  with  the  variability  of  motorists’  accelerations.
The  average  instantaneous  speed  of  motorists  decreased
hen  density  increased  in  both  types  of  trafﬁc  but,  it
hould  be  observed  that  the  motorists’  average  instanta-
eous  speed  was  a  little  bit  higher  in  the  homogeneous
rafﬁc  for  all  levels  of  density  (see  Fig.  7).
The  observed  distributions  of  motorists’  average  speed
roved  to  be  signiﬁcantly  different  from  a  normal  distribu-
ion  [Levene’s  test  F(9;90)  =  4.015;  p  =  .000].  Yet,  almost  all
f  the  variability  of  motorists’  average  speed  was  accounted
or  by  the  density  (˝2 =  0.885),  trafﬁc  type  (˝2 =  4  ×  10−4)
nd  their  combination  (˝2 =  0.03).
alidating the results
ue  to  the  simplicity  of  the  research  design  that  was
mployed  for  analyzing  the  interaction  between  motorists
nd  motorcyclists  on  the  road,  some  researchers  may  cast
oubts  on  the  external  validity  of  the  preceding  results.
hese  concerns  are  also  well-known  in  the  agent-based
ommunity  (see  for  instance  Windrum,  Fagiolo,  &  Moneta,
t
s
eigure  7  Instantaneous  average  speed  as  a  function  of  ﬁve
evels of  density  in  two  trafﬁc  types.
007)  and  they  are  somehow  equivalent  to  the  problem
f  estimating  the  validity  of  psychological  measurements
n  psychometrics  (Borsboom,  Mellenbergh,  &  Van  Heerden,
004);  namely,  we  need  a  valid  criterion  with  which  we  can
ompare  the  results  of  agent-based  simulations.  Researchers
ho  work  with  agent-based  simulations  are  well  provided
ith  a  vast  amount  of  techniques  and  procedures  for
alidating  the  results  of  their  agent-based  models.  Yet,  psy-
hologists  might  contribute  to  the  agent-based  community
y  presenting  the  statistical  validation  techniques  that  are
ommonly  used  in  applied  psychometrics.  In  this  example,
 contrasted  the  agreement  between  the  results  of  sim-
lations  and  the  results  of  real-life  trafﬁc  observations.
he  real  trafﬁc  was  ﬁlmed  several  times  with  the  video-
amera  of  a  smartphone.  The  reader  can  watch  a  sample
ideo  of  these  observations  in  youtube  in  the  following  url
ttp://youtu.be/QlCIqaXOQzY. This  video  shows  a  segment
f  Autopista  Francisco  Fajardo  in  Caracas  Venezuela  where
oth  trafﬁc  types  occur  at  the  same  time  since  motor-
ycle  lane-sharing  is  observed  between  the  left  and  the
entral  lane  of  the  road,  while  homogeneous  trafﬁc  occurs
etween  the  central  and  the  right  lane  of  it,  as  depicted
n  Fig.  1. The  resulting  agreement  between  simulations  and
eld  observations  was  calculated  by  analyzing  the  frequency
f  lane-changing  maneuvers  and  the  speed  of  motorists.  The
esulting  agreement  reached  the  92.91%  as  calculated  with
 measure  of  agreement  ‘‘for  multivariate  observations  by
ifferent  sets  of  judges’’  (Janson  &  Olsson,  2004),  where
bservations  corresponded  to  the  agents’  behavior,  and  the
udges  corresponded  to  the  source  of  results  (simulations
ersus  ﬁeld  observations).  The  results  clearly  showed  that
his  pair  of  metrics  was  systematically  lower  when  motorists
hared  the  lane  with  motorcyclists  on  the  way  (see  Fig.  8).
It  is  clear  that  this  procedure  is  intended  to  validate  the
xistence  of  ordinal  patterns  (Thorngate  &  Edmonds,  2013)
The  behavioral  interaction  of  road  users  in  trafﬁc  
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dFigure  8  Comparison  between  simulated  and  real  trafﬁc
data.
in  the  behavior  of  road  users  when  their  interaction  change
as  a  function  of  trafﬁc  type  and  vehicular  density.  The  pro-
cedure  followed  by  Correa  (2015)  showed  its  relevance  not
only  to  validate  the  results  of  agent-based  simulations,  but
also  its  usefulness  to  analyze  a  real  trafﬁc  phenomenon  that
exists  in  several  countries  around  the  world  where  motorcy-
clists  are  allowed  to  ride  in  between  stopped  or  slow-moving
cars.
What can psychologists do and learn
from intelligent agent-based simulations?
The  precedent  sections  showed  an  effort  that  harmoniously
combined  the  use  of  experimental  design  with  agent-based
simulations  to  model  the  interaction  between  motorists  and
motorcyclists  when  the  latter  drive  in  between  the  lanes
of  stopped  or  slow-moving  vehicles.  The  ﬁrst  lesson  from
this  case  is  that  psychologists  can  go  beyond  their  tra-
ditional  research  methods  and  data  collection  techniques
(e.g.,  questionnaires,  interviews,  etc.)  to  tackle  very  inter-
esting  phenomena  from  the  point  of  view  of  social  complex
systems.  A  ﬁrst  step  for  psychologists  is  learning  how  intel-
ligent  agents  are  implemented  through  agent  architectures
or  toolkits.  This  step  requires  the  recognition  of  available
options  (Nikolai  &  Madey,  2009)  so  at  least  one  of  them
can  be  eventually  employed  for  developing  theories  about
human  (or  animal)  behavior  in  social  complex  environments.
Hopefully,  efforts  like  the  one  described  in  this  paper  might
promote  agent-based  simulations  as  alternative  research
methods  in  psychology.
The  example  above  also  showed  a  minimalist  model
which  consisted  in  modeling  the  driving  behavior  with  the
minimum  set  of  variables  that  allowed  the  most  basic
behavioral  interaction  between  road  users.  This  form  of
modeling,  synthesized  with  the  relationships  exposed  in
Table  2,  proved  to  be  quite  robust  so  as  to  grasp  the  indepen-
dent  and  combined  effects  of  only  two  variables  (density  and
trafﬁc  type)  on  road  users  behavior.  It  is  worth  noting  these
variables  proved  to  be  sufﬁcient  for  explaining  at  least  the
90%  of  motorist’s  behavior,  a  robust  macroscopic  descrip-
tion  of  motorist’s  behavior.  This  aspect  deserves  additional
comments  from  a  wider  point  of  view.
As  psychologists  we  are  more  or  less  committed  with
the  advance  of  our  discipline  toward  its  recognition  as  a
-
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cience.  This  commitment  requires  the  use  of  formal  lan-
uages  (like  logic  and  mathematics)  to  achieve  this  desired
ecognition.  Almost  two  decades  ago,  Luce  (1999),  a  well-
nown  mathematical  psychologist,  foresaw  the  role  of
imulations  as  an  important  step  in  this  direction.  The  exam-
le  illustrated  in  this  paper  conﬁrms  what  Luce  foresaw
ears  ago;  namely,  ‘‘the  criterion  for  success  often  seems
ne  more  appropriate  to  artiﬁcial  intelligence  and  engineer-
ng  than  to  psychology,  which,  after  all,  is  concerned  with
ctual  human  behavior  and  capabilities’’  (p.  733).  Even  in
he  case  that  we  psychologists  enthusiastically  adopted  the
se  of  intelligent  agent-based  simulations  as  a  research  tool,
e  should  not  forget  that  we  are  always  confronted  with
he  issue  of  ﬁnding  empirical  evidences  that  support  the
elationships  among  the  variables  we  study.  Here,  again,
he  validity  of  our  theoretical  hunches  (explicitly  written
n  terms  of  equations  or  logical  statements)  must  be  rigor-
usly  confronted  with  facts.  Luce  offered  his  concerns  in  this
egard  by  indicating  that  ‘‘complex  issues  of  empirical  vali-
ation  exist  for  all  these  computational  models,  and  they  are
ar  from  resolved  to  the  satisfaction  of  all,  including  me’’
p.  733).  I  think  that  one  of  the  best  bets  in  this  regard  is  to
elcome  interdisciplinary  research  methods  and  work  along
ith  colleagues  of  other  disciplines  so  the  validity  concerns
an  be  appropriately  tackled  and  resolved.
oncluding remarks
sychologists  share  with  other  colleagues  a  complex  object
f  study;  namely,  the  human  and  animal  behavior.  The
esearch  methods  that  we  traditionally  teach  in  psychol-
gy  courses  are  often  split  into  two  major  segments.  On
ne  hand,  we  can  ﬁnd  the  so-called  quantitative  methods
hat  comprise  the  use  of  multivariate  statistical  techniques
Wilkinson  &  The  task  Force  on  Statistical  Inference,  1999)
nd  on  the  other  we  have  the  well-known  qualitative  meth-
ds  that  deal  with  qualitative  data  such  as  spoken  or  written
iscourses  (Sayago,  2014).
I  believe  that  intelligent  agent-based  simulations  rep-
esent  a  new  promising  segment  given  its  compatibility  to
ombine  the  design  of  experiments  with  computer  simula-
ions  intended  to  mimic  real  complex  systems  that  are  quite
ifﬁcult  to  analyze  with  traditional  research  methods.  Given
he  fact  that  this  new  segment  is  not  well-known  to  the
ajority  of  psychologists  and  thus  ignored  in  psychology  pro-
rams,  we  must  expect  some  time  before  it  can  be  formally
ncluded  in  our  academic  curricula.  While  we  learn  how  to
se  intelligent  agents  as  a  research  tool  in  psychology,  we
ust  welcome  colleagues  from  other  disciplines  to  teach
s  concrete  examples  that  help  us  understand  how  we  can
eneﬁt  of  adopting  this  research  tool.
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